Background
==========

Lung cancer (LC), ranking as one of the top 3 in incidence and mortality rate, is the most prevalently diagnosed cancers worldwide both for males and females. Though the morbidity has decreased gradually in many regions due to effective tobacco control and health management measures, LC is still the one of the main causes of cancer-associated death and has worse long-term survival compared with many other cancers \[[@b1-medscimonit-26-e924269]\]. Lung adenocarcinoma (LUAD) is the main histopathology type of non-small cell lung cancer (NSCLC), with a proportion of around 40% of all LC cases \[[@b2-medscimonit-26-e924269]\]. The development of traditional treating strategies including surgery, chemotherapy, radiotherapy, and targeted therapy has helped improve the clinical outcome of LUAD patients \[[@b2-medscimonit-26-e924269]\]. However, with an overall 5-year survival rate less than 15%, the clinical prognosis of LUAD remains unsatisfactory, especially for patients with an advanced disease stage \[[@b3-medscimonit-26-e924269],[@b4-medscimonit-26-e924269]\]. Previous research has identified several recognized prognostic factors for LUAD such as age, TNM stage, smoking history, and gene mutation status \[[@b5-medscimonit-26-e924269]--[@b8-medscimonit-26-e924269]\]. Several molecules such as p16 and HIF not only have profound influence on cancer development but also act as prognostic indicators for lung cancer according to previous studies \[[@b9-medscimonit-26-e924269],[@b10-medscimonit-26-e924269]\]. A growing number of risk stratification models which combine numbers of parameters have also been proposed for prognostic prediction of LUAD. However, the capacity to define high-risk LUAD patients and improve their future outcomes still remains limited in clinical practice.

With the deepening understanding of immune dysregulation in cancer development, the treatment of LC has entered a new era of immunotherapy. Accumulating evidence has revealed that immune-related mechanisms may have profound impact on NSCLC survival. Interactions between immune cells, cytokines, stromal components, and cancer cells can regulate the pro- or anti-tumor activity of tumor microenvironment (TME), which affect the survival of NSCLC patients \[[@b11-medscimonit-26-e924269]--[@b13-medscimonit-26-e924269]\]. Moreover, the use of some concomitant medications of immune checkpoint inhibitors might also have profound impact on the clinical outcome of NSCLC patients \[[@b14-medscimonit-26-e924269]\]. Identification of immune-related prognostic markers not only assists in risk definition and treatment decision, but also provides inspiration for future mechanism exploration. However, research focused on the discovery of immune-related prognostic signatures in LUAD is still inadequate and lack in accurate verification up to now.

Currently, rapid advances in high-throughput technologies and bioinformatics methodology have offered a brand-new avenue for precise oncology research. Among the present cancer genomics programs, The Cancer Genome Atlas (TCGA) is the largest and richest, which integrates genomic, epigenomic, transcriptomic, and proteomic data of 33 common cancer types. Gene Expression Omnibus (GEO) is a public database providing abundant raw and processed high-throughput data generated in different platforms \[[@b15-medscimonit-26-e924269]\]. Integrative analysis of TCGA and GEO data may provide more insight into precise investigation. In addition, several new algorithms such as ESTIMATE and CIBERSORT enable researchers to interpret gene expression data into TME and tumor-infiltrating lymphocytes (TILs) information, which greatly facilitates research on tumor immunity \[[@b16-medscimonit-26-e924269],[@b17-medscimonit-26-e924269]\].

In this study, we calculated the degree of immune infiltration in samples of TCGA-LUAD by using the ESTIMATE method. Survival analysis confirmed the potential association between immune components and overall survival in LUAD patients. A prognostic model containing 7 genes were then built by applying Cox and Lasso regression analyses on the basis of immune relevant genes. The identified prognostic biomarker was further validated in 3 external GEO datasets: GSE30219, GSE41271, and GSE42127. We aimed to construct an immune-related prognostic model with high reliability in risk prediction for LUAD patients. Correlation analysis between the identified signature and immune status of LUAD samples was also performed for functional exploration.

Material and Methods
====================

Data source and preparation
---------------------------

The TCGA-LUAD dataset which included pathologically confirmed LUAD patients was chosen as the training set for model construction. FPKM-normalized transcriptome profiling data of LUAD tumor tissues were downloaded using the gdc-client tool (*<https://portal.gdc.cancer.gov/>*). A total of 19 658 protein-coding genes were annotated according to the human reference genome GRCh38. Updated clinical data including gender, age, TNM stage, survival time and survival status, and simple nucleotide variation data of the LUAD samples were downloaded for the analysis of survival status and clinicopathologic features. Samples with follow-up period shorter than 1 month were excluded from the study. Tumor tissue transcriptome expression profiles associated with clinical data of 499 LUAD samples were combined into a matrix for further analysis.

Three independent Gene Expression Omnibus (GEO) datasets (GSE30219, GSE41271, and GSE42127) with both survival information of LUAD patients and high-throughput transcriptome profiling data of LUAD tumor tissues were analyzed for external validation of the identified prognostic signature. All the patients in the 3 sets were pathologically diagnosed as LUAD. The series matrix file and the corresponding platform annotation file (GPL570 for GSE30219, GPL6884 for GSE41271 and GSE42127) of each gene expression microarray dataset were downloaded from *<https://www.ncbi.nlm.nih.gov/geo/>*. Gene expression profiles associated with clinical information of samples diagnosed as LUAD were obtained. Samples with follow-up time shorter than 1 month were excluded from analysis. Probe IDs were converted to gene symbols according to the platform information. For genes detected by multiple probes, the average expression values were calculated and regarded as the overall gene expression levels. A total of 83 samples from GSE30219, 180 samples from GSE41271, and 130 samples from GSE42127 were included for further analysis. For the standardization between high-throughput sequencing data of TCGA and array-based expression profiling data of the GEO datasets, a z-score of each gene in each dataset was calculated separately by the formula z-score=(x--μ)/σ (x: the sample value, μ: the sample mean, σ: the sample standard deviation), and used for model construction and external validation.

Identification of immune-related genes
--------------------------------------

The immune status of TCGA-LUAD samples was inferred by the "estimation of stromal and immune cells in malignant tumor using expression data" (ESTIMATE) method. Briefly, the scores that represent the proportion of infiltrating immune cells (immune score) and stromal cells (stromal score) in TME were output by performing single sample GSEA (ssGSEA). Immune score and stromal score were combined as the ESTIMATE score which predicts the purity of tumor samples. All the TCGA-LUAD samples were divided into high and low immune infiltration group according to the median value of immune scores. Samples with immune scores higher than the median were divided into the high immune infiltration group, while those with lower immune score than the median were divided into the low immune infiltration group. Kaplan-Meier survival analysis comparing the 2 subgroups was performed to assess the relationship between prognosis and immune status in LUAD. Differentially-expressed genes (DEGs) between the 2 groups were further identified using the "limma" R package \[[@b18-medscimonit-26-e924269]\], with the threshold of false discovery rate (FDR) adjusted *P*-value \<0.05 and fold change (FC) \>2 or \<0.5. Spearman's rank correlation analysis was further performed to evaluate the correlation between immune scores and the identified genes. Genes with an average FPKM \<1 were excluded from model construction due to the extremely limited abundance in tissues.

Building and validation of the prognosis predictive model
---------------------------------------------------------

The TCGA-LUAD dataset was used as the training set for the development of Cox regression model predicting survival in LUAD patients, and 3 GEO datasets (GSE30219, GSE41271, and GSE42127) were explored for external validation. Firstly, univariate Cox regression analysis were conducted for all the identified genes to screen out the prognosis-associated factors with a threshold of *P*-value \<0.01. The LASSO regression analysis was further conducted using the "glmnet" R package \[[@b19-medscimonit-26-e924269],[@b20-medscimonit-26-e924269]\] to reduce the model complexity and multi-collinearity. Variables selected were further filtered using stepwise multi-variate Cox regression method for the construction of optimum model. The predictive risk score of each sample in the 4 datasets was calculated according to the estimated coefficients of variables in the Cox regression model. Patients were separated 2 subgroups (low-risk versus high-risk) according to the optimal cutoff value decided by the X-tile software \[[@b21-medscimonit-26-e924269]\]. Briefly, the file containing the calculated risk score, survival status, and overall survival time of each sample was uploaded to the software (version 3.4.7). The software enumerated all potential cutoff-points that define high- and low-risk patients, and the result of Kaplan-Meier survival analysis for each point was further compared. The point that can most significantly separate the survival curves of the 2 groups was considered to be the optimal cutoff value. The predictive value of the signature was assessed by Kaplan-Meier survival analysis and survival receiver operating characteristic (ROC) curve analysis in the 4 sets, respectively. Calibration curve and the Harrell's concordance index (C-index) calculated using a 1000-resampling bootstrap method was applied to measure the accuracy and reliability of the identified model. A nomogram combing risk score and several clinical parameters was developed for LUAD survival prediction. In addition, univariate and multivariate Cox regression analyses were further conducted to assess whether the risk score was an independent prognostic variate for LUAD.

Immune correlation analysis
---------------------------

The status of tumor microenvironment, immune cell infiltration, tumor mutation burden (TMB), gene expression of immune checkpoints, and human leukocyte antigen (HLA) system was further compared between the 2 subgroups (low-risk versus high-risk) of LUAD patients in the TCGA-LUAD dataset using Mann-Whitney U test. The correlation between risk score and ESTIMATE-generated scores was evaluated using the Spearman's rank correlation analysis. The CIBERSORT method was applied to enumerate 22 mature tumor infiltration leukocytes (TILs) based on the transcriptome expression data \[[@b16-medscimonit-26-e924269]\]. A *P*-value was calculated for the global deconvolution of each sample, and only samples with *P*-value \<0.05 were included for analysis. The TMB value of each sample was calculated as previously described \[[@b22-medscimonit-26-e924269]\].

Gene set enrichment analysis (GSEA)
-----------------------------------

GSEA analysis was conducted to explore the biological processes potentially involved by the prognostic biomarker. Genome-wide expression profiles of all the 19 658 protein-coding genes from TCGA samples belonging to the low-risk and high-risk subgroups were analyzed in GSEA v4.0.3. Four classical gene sets in Molecular Signatures Database including "c2.cp.kegg.v7.0.symbols.gmt (Curated)", "c5.bp.v7.0 symbols.gmt (Gene Ontology)", "c5.cc.v7.0 symbols.gmt (Gene Ontology)", and "c5.mf.v7.0 symbols.gmt (Gene Ontology)" were considered. A normalized enrichment score (NES) in the gene set of interest was calculated, and an FDR-normalized q-value \<0.05 was regarded to be of statistical significance.

Statistical analysis
--------------------

R version 3.5.3 (*<http://www.R-project.org>*), SPSS 25.0 (SPSS Inc., Chicago, IL, USA) and GraphPad Prism 7.0 (GraphPad Software, San Diego, CA, USA) were applied for statistical analysis and graph plotting. A 2-sided *P*-value \<0.05 was determined to be statistically significant for Kaplan-Meier survival analysis and Mann-Whitney U test. The area under the ROC curve (AUC) was calculated to evaluate the prognostic performance of the identified signature. Univariate and multi-variate Cox regression analyses were conducted to determine the prognostic performance of risk factors.

Results
=======

Study design and subjects
-------------------------

The flow chart of study design is shown in [Figure 1](#f1-medscimonit-26-e924269){ref-type="fig"}. A total of 499 LUAD samples with follow-up time more than 30 days in the TCGA-LUAD dataset were analyzed for the training of the prognostic signature. The association between the identified model and immune status was further explored in the TCGA dataset. Three GEO datasets of GSE30219, GSE41271, and GSE42127 were analyzed for the external validation of the prognostic model. The clinicopathologic characteristics of the 4 independent cohorts are listed in [Table 1](#t1-medscimonit-26-e924269){ref-type="table"}.

Identification of immune-related genes
--------------------------------------

In the TCGA cohort, the ratio of immune and stromal components in tumor tissues was calculated using the ESTIMATE algorithm. All the cases were divided into 2 groups by the median immune score. The result of Kaplan-Meier survival analysis showed that the high-immune score group had significantly better survival than the low-immune score group (*P*=0.025; [Supplementary Figure 1](#s1-medscimonit-26-e924269){ref-type="supplementary-material"}), which indicated the close relationship between immune status and survival in LUAD patients. On the contrary, there was no significant difference in patient survival between the high- and low-stromal score group. The difference of gene expression was further analyzed between the high- and the low-immune score group to identify potential immune-related genes for model construction. A total of 524 dysregulated genes were identified with log~2~FC \>1 and *P*\<0.05 ([Supplementary Figure 2](#s2-medscimonit-26-e924269){ref-type="supplementary-material"}, Supplementary Table 1).

Construction of the prognostic model containing 7 genes in the training set
---------------------------------------------------------------------------

Among the 524 immune-related genes, a total of 38 genes that were significantly correlated with the overall survival in LUAD patients were identified (*P*\<0.01). The hazard ratio (HR) and the 95% confidence interval (CI) of each variable are shown in [Table 2](#t2-medscimonit-26-e924269){ref-type="table"}. The candidate list was further reduced to 16 genes by the Lasso regression method to alleviate model overfitting ([Supplementary Figure 3](#s3-medscimonit-26-e924269){ref-type="supplementary-material"}). The following stepwise variable selection procedure finally established an optimal Cox proportional hazard model containing 7 key genes: CIITA (class II major histocompatibility complex transactivator), CLEC7A (C-type lectin domain containing 7A), BIRC3 (baculoviral IAP repeat containing 3), TESC (tescalcin), MCOLN2 (mucolipin 2), DEPDC7 (DEP domain containing 7), and VEGFD (vascular endothelial growth factor-D), see [Table 3](#t3-medscimonit-26-e924269){ref-type="table"}. The predicted risk score can be calculated with the formula: −0.198926091\*CLEC7A +−0.240572316\*CIITA +0.360229039\*BIRC3+0.318599709\*DEPDC7 +0.139659504\*TESC +−0.17303622\*MCOLN2 + −0.253980504\*VEGFD. The samples of the training set were separated into high-risk and low-risk subgroups according to the optimum cutoff threshold of 0.463 calculated by X-tile software. The Kaplan-Meier survival curve showed the significantly worse survival in the high-risk group with *P*\<0.0001 ([Figure 2A](#f2-medscimonit-26-e924269){ref-type="fig"}). The C-index for the biomarker was 0.72 (95% CI: 0.693--0.747), and the calibration curve further showed the consistency between the predicted and actual survival outcomes of the 499 patients ([Figure 2B](#f2-medscimonit-26-e924269){ref-type="fig"}, [Supplementary Figure 4](#s4-medscimonit-26-e924269){ref-type="supplementary-material"}). Time-dependent survival ROC curves was constructed to assess the prognostic prediction value of the model. At each time point of 1-year, 2-years, and 3-years, the predictive capability of the biomarker remained well with the AUCs being 0.781, 0.664, and 0.652, respectively. The risk distribution plot and heat-map of gene expression in the training set are shown in [Figure 2C--2E](#f2-medscimonit-26-e924269){ref-type="fig"}. When several clinical features including age, gender, and TNM stage were combined into analysis, the multiple ROC curves indicated that the risk score could outperform other factors with higher AUCs in outcome prediction of LUAD patients ([Figure 3A](#f3-medscimonit-26-e924269){ref-type="fig"}). Multivariate Cox regression analysis revealed that the risk score could independently predict the clinical outcome in LUAD with *P*\<0.001 ([Figure 3B](#f3-medscimonit-26-e924269){ref-type="fig"}). A prognostic nomogram incorporating risk score and several clinical characteristics was developed to predict overall survival in LUAD patients ([Figure 3C](#f3-medscimonit-26-e924269){ref-type="fig"}).

External validation in GEO datasets
-----------------------------------

The signature's predictive performance was further validated in 3 independent GEO datasets (GSE30219, GSE41271, and GSE42127). The risk score of each patient in the testing sets was calculated according to the relative expression levels of the 7 genes, using the same formula established in the training set of TCGA-LUAD. In each dataset, samples were separated into low-risk and high-risk groups with the same cutoff value. The Kaplan-Meier curves generated from the 3 external datasets showed consistently significant difference in survival status between high- and low-risk patients with *P*\<0.05 ([Figure 4A, 4D, 4G](#f4-medscimonit-26-e924269){ref-type="fig"}). Patients with high risk had markedly worse survival outcomes than patients with low risk. The AUCs of the 7-gene signature in predicting 1-year survival of LUAD patients were 0.797 in GSE30219, 0.659 in GSE41271, and 0.822 in GSE42127 ([Figure 4B, 4E, 4H](#f4-medscimonit-26-e924269){ref-type="fig"}, and [Supplementary Figure 5](#s5-medscimonit-26-e924269){ref-type="supplementary-material"} show the results of time-dependent ROC curves). In GSE42127 dataset, the identified model had much better performance with higher AUC than the TNM stage in prognostic prediction. Multivariate Cox regression analysis verified that the risk score was an independent prognostic variate in all the 3 testing datasets with *P*\<0.05 and HR \>1 ([Figure 4C, 4F, 4I](#f4-medscimonit-26-e924269){ref-type="fig"}). The reliability of the 7-gene prognostic biomarker was proved well in the testing sets.

Correlation analysis between risk score and clinicopathologic features
----------------------------------------------------------------------

Risk scores were compared between subgroups with different clinicopathologic features in the TCGA-LUAD cohort. As shown in [Figure 5](#f5-medscimonit-26-e924269){ref-type="fig"}, patients with the following characteristics had significantly higher risk score than the corresponding control groups with *P*\<0.05: i) males (versus females); ii) advanced TNM stage (stage III/IV versus stage I/II); iii) larger tumor size (T3/T4 versus T1/T2); and iv) lymph node invasion (N1/N2/N3 versus N0). Moreover, it was observed that the risk scores of KRAS-mutant patients were much higher than KRAS wild-type patients. The similar disparity was not found in EGFR (epidermal growth factor receptor) and ALK (anaplastic large-cell lymphoma kinase) mutations.

Immune-relevance analysis of the prognostic model in TCGA dataset
-----------------------------------------------------------------

Remarkable difference of immune and stromal fraction in TME was observed between the 2 subgroups in the TCGA-LUAD cohort. Correlation analysis indicated that the risk score predicted by the 7-gene prognostic model was negatively associated with immune score, estimate score, and combined ESTIMATE score with *R*\<−0.4 and *P*\<0.001 ([Figure 6A--6C](#f6-medscimonit-26-e924269){ref-type="fig"}). Higher risk score indicated lower degree of immune and stromal cells infiltration in LUAD tissues. Tumor mutation burden (TMB) levels were further compared between patients with high-risk and low-risk, but no significant difference was discovered ([Figure 6D](#f6-medscimonit-26-e924269){ref-type="fig"}). The gene expression of immune checkpoints (PD-1, PD-L1, PD-L2, and CTLA-4) and HLA molecules in tumor tissues was further analyzed. The high-risk patients had much lowered mRNA expression levels of these immune-related molecules compared with the low-risk patients, which might reflect the alteration of immune status in tumor microenvironment ([Figure 6E, 6F](#f6-medscimonit-26-e924269){ref-type="fig"}). Furthermore, in order to elucidate the precise immune status of tumor samples, 22 types of mature human TILs were quantified using the CIBERSORT method. For samples with meaningful *P*-values, the estimated proportions of activated natural killer (NK) cells, memory B cells, plasma cells, M0 macrophages, M2 macrophages, monocytes, resting dendritic cells, and resting mast cells significantly varied between the high-risk and low-risk patients, which deserves further exploration ([Figure 6G](#f6-medscimonit-26-e924269){ref-type="fig"}). The results further revealed the mutual relationship between the identified 7-gene signature, immune status, and disease outcomes in LUAD.

Gene set enrichment analysis (GSEA)
-----------------------------------

GSEA was conducted to compare the difference of molecular mechanisms involved in the high- and low-risk patients in the TCGA-LUAD dataset. Supplementary Table 2 showed the significant 811 pathways enriched in the low-risk patients (FDR \<0.05). Notably, most of these pathways or biological processes are closely correlated with immunity, which include "chemokine signaling pathway", "T cell activation", "T cell differentiation", "immune response regulating cell surface receptor signaling pathway", "adaptive immune response", "regulation of immune effector process", etc. [Figure 7](#f7-medscimonit-26-e924269){ref-type="fig"} list some of these enrichment results. The results showed a strong connection between the identified signature and tumor immunity, which makes sense in both prognostic prediction and treatment decision in LUAD.

Discussion
==========

There has been growing awareness in oncology research that cancer is a complex ecosystem composed of both tumor cells and nontumor cells. Nontumor components in tumor tissues form TME and can impact tumor growth, invasion, metastasis, and prognosis \[[@b23-medscimonit-26-e924269],[@b24-medscimonit-26-e924269]\]. Immune contexture in TME, which is determined by the composition, location, and function of immune cell populations, can transfer information about the characteristics and destinies of many cancer types, including LUAD \[[@b25-medscimonit-26-e924269]--[@b27-medscimonit-26-e924269]\]. Though TNM stage system has been traditionally regarded as standard determinant of overall survival in LUAD patients, the features of TILs and immune-related molecules were discovered to be more powerful predictors of clinical outcomes \[[@b28-medscimonit-26-e924269]\]. For example, in LUAD, it was reported that tumor-associated macrophage infiltration may contribute to poor clinical outcomes \[[@b29-medscimonit-26-e924269]\]; the infiltration of NK cells subset CD57^+^ cells can predict a good prognosis \[[@b30-medscimonit-26-e924269]\]; the expression of HLA class I antigen is a favorable prognostic factor \[[@b31-medscimonit-26-e924269]\]; the upregulation of PD-L1 can lead to worse prognosis, etc. \[[@b32-medscimonit-26-e924269]\]. Several peripheral immune-based biomarkers such as soluble inflammatory factors and circulating T cells were also proposed as the predictive biomarker \[[@b33-medscimonit-26-e924269]\]. However, due to the limitations of testing methods, the detection of some immune-related biomarkers is often unstable or impractical. In addition, prediction based on a single biomarker can be less reliable than a comprehensive model integrating multiple factors. Gene expression signatures, with the advantages of being informative and easily monitored, are thus ideal predictors of cancer prognosis \[[@b34-medscimonit-26-e924269]\].

In this study, we found that patients with higher immune-score had remarkably better clinical outcome than patients with lower immune-score. The result further suggested the close relationship between tumor immunity and clinical outcome in LUAD. A Cox proportional hazard model containing 7 genes (CIITA, CLEC7A, BIRC3, TESC, MCOLN2, DEPDC7, and VEGFD) was constructed for survival prediction of LUAD patients. The risk score derived from the model had good and stable performance in prognostic prediction of LUAD. In both the training (the TCGA-LUAD dataset) and testing sets (the GSE30219, GSE41271, and GSE42127 datasets), the risk score consistently proved to be an independent and reliable prognostic variate in LUAD. In TCGA-LUAD and GSE42127 cohorts, the risk score was discovered to be superior in survival prediction than TNM stage system. Furthermore, a nomogram combining the identified signature and several clinical factors (age, gender, and TNM stage) was built for the exact estimation of patients' survival probability in LUAD.

The results of immune-correlation analyses and GSEA showed a strong association between the identified signature and tumor immune status. It was found that high-risk patients seemed to have lower immune, stromal fraction, and higher tumor purity in TME. Significant expressing difference of immune checkpoints and HLA genes further indicated the difference of immune status between the high-risk and low-risk LUAD patients. GSEA revealed that the main differences between the 2 groups was largely found in the immune-related biological processes. The analysis of 22 mature TILs further demonstrated the potential association between the identified signature and tumor immune contexture. The exploration preliminarily showed a mutual crosstalk between the 7-gene biomarker, clinical outcomes, and immune characteristics of TME in LUAD patients, which deserves deeper research in the future. Moreover, subgroup analyses showed that the risk scores calculated by the immune-correlated prognostic model were significantly different between KRAS-mutant and KRAS-wild type patients. In NSCLC, mutation in KRAS, EGFR, and ALK were most commonly happened genetic variation types \[[@b35-medscimonit-26-e924269]\]. Unlike other mutation types, NSCLC patients with KRAS mutation response poorly to target therapy and often have worse prognosis. Recently, growing evidence revealed that KRAS-mutant NSCLC cases especially those with concomitant TP53 mutation might benefit from immune checkpoint inhibition therapy \[[@b36-medscimonit-26-e924269]\]. The present study further demonstrated the close relationship between KRAS mutation and cancer immune response in LUAD patients.

Among the 7 genes that built the model, 4 genes (CIITA, CLEC7A, MCOLN2, and VEGFD) were favorable prognostic factors, while 3 genes (BIRC3, DEPDC7, and TESC) were unfavorable prognostic factors for LUAD patients. Up to now, there have been extensive reports about the roles of these genes in tumor immunity and prognosis in NSCLC or other cancer types. CIITA, the master expressing regulator of the major histocompatibility class (MHC) class II molecules and accessory genes for MHCII-restricted antigen presentation, is crucial for normal immune function \[[@b37-medscimonit-26-e924269]\]. Though most tumor cells express MHC class I molecules rather than class II, MHCII-mediated CD4^+^ T cells activation is critical for host anti-tumor immunity \[[@b38-medscimonit-26-e924269]\]. CIITA deficiency in solid tumors would cause the inability of tumor cells to trigger TH cells \[[@b39-medscimonit-26-e924269]\]. It was once reported that CIITA knockdown could reduce the sensitivity to immunotherapy in NSCLC cells. According to He et al., higher expression of MHC-II molecules was correlated with better survival in NSCLC patients \[[@b40-medscimonit-26-e924269]\]. The trend we observed in our study was consistent with the results generated by previous research. CLEC7A (also known as Dectin-1) is a member of pattern-recognition receptor (PPR) that functions in comprehensive immunomodulation \[[@b41-medscimonit-26-e924269]\]. In TME, CLEC7A critically enhances the tumor cell-killing effect mediated by NK cells \[[@b42-medscimonit-26-e924269]\]. As the most important C-type lectin receptor, CLEC7A is highly involved in comprehensive immune responses, the expression of which could significantly regulate cancer risk \[[@b43-medscimonit-26-e924269]\]. MCOLN2 (mucolipin 2) belongs to the transient receptor potential mucolipin-like family that mainly functions in membrane trafficking events regulation \[[@b44-medscimonit-26-e924269]\]. It is worth noting that unlike its 2 paralogs, MCOLN1 and MCOLN3, MCOLN2 may play an important role in immune response by enhancing viral infection \[[@b45-medscimonit-26-e924269]\]. MCOLN2 expression is also found to be promoted by B-cell lineage specific activator protein PAX5 \[[@b46-medscimonit-26-e924269]\]. The exact effect of MCOLN2 in cancer immunity and survival is still unclear, but our research could be a hint to further exploration. VEGFs are highly engaged in angiogenesis pathway, and VEGF/VEGFR signaling pathway has a complicated crosstalk with immune in TME \[[@b47-medscimonit-26-e924269]\]. According to Carrillo et al., higher expression of VEGFD was significantly associated with the better overall survival for NSCLC patients at advanced stage, which was similar to our findings \[[@b48-medscimonit-26-e924269]\].

Multivariate Cox regression analysis indicated that BIRC3 and DEPDC7 were independent predictors for worse prognosis in LUAD patients. BIRC3 (also known as cIAP2) belongs to inhibitor of apoptosis proteins. The role BIRC3 plays in a variety of cancers has been frequently observed. It was reported that BIRC3 could repress the constitutive activation of NF-κB signaling and regulate the survival of various immune cells, having important function in inflammation and innate immune \[[@b49-medscimonit-26-e924269]--[@b51-medscimonit-26-e924269]\]. According to Egildo et al., DEPDC7 could induce the activation of NF-κB which is a curial regulator of immune response \[[@b52-medscimonit-26-e924269]\]. But at the moment, information about the biological function of DEPDC7 is still quite limited. TESC (tescalcin) has been reported as a regulator of cell growth and differentiation, and also involved in the progression of various cancers. In LUAD, upregulated TESC is found to be correlated with enhanced epithelial-mesenchymal transition process and cancer stem cell-like characteristics \[[@b53-medscimonit-26-e924269]\]. The exact roles of these genes in cancer immunity deserves further investigation in the future.

In this study, we constructed a potent prognostic model for the survival prediction of LUAD. The identified 7-gene signature is highly correlated with cancer immunity, delivering underlying information about immunotherapy response and immune-related mechanisms in LUAD. Nonetheless, there were still certain limitations in this study. Firstly, the model was trained and tested using retrospective data, and still required further validation before prospective clinical application. Secondly, there was a considerable amount of missing values such as smoking history and exact TNM classification of patients in the datasets available, which limited the maximum use of statistics. Moreover, the exact molecular mechanisms of these identified genes in cancer immunity and progression still needs further experimental validation.

Conclusions
===========

In summary, we developed an immune-related prognostic model which integrated the expression levels of 7 genes for the prediction of overall survival in LUAD. The signature reliably predicted the clinical outcomes of patients and showed close association with tumor immunity in LUAD.

Supplementary Data
==================

Supplementary Tables 1 and 2 available from the corresponding author on request

**Supplementary Table 1.** The identified 524 differentially expressed genes between high- and low- immune score groups.

**Supplementary Table 2.** Significant pathways enriched in low-risk lung adenocarcinoma patients.

###### 

The Kaplan-Meier survival analysis based on immune-, stromal-, and ESTIMATE-score. The median value is adopted to divide sample into high- and low-score groups.

###### 

The heatmap of expression levels of differentially expressed genes between high- and low- immune score groups.

###### 

Lasso regression analysis identified 16 significant genes.

###### 

The calibration curves of the model for predicting CSS in LUAD. The predicted 5-year survival probability is plotted on the X-axis; the corresponding actual survival rate is plotted on the Y-axis. CSS -- cancer specific survival; LUAD -- lung adenocarcinoma.

###### 

The ROC curves for the signature in predicting survival at time points of 1-, 2-, 3-, and 5-year in GSE30219 (**A**), GSE41271 (**B**), and GSE42127 (**C**). ROC curve -- receiver operating characteristic curve; AUC -- area under the ROC curve.
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![Predicted performance of the identified prognostic signature in the training dataset. (**A**) The Kaplan-Meier survival analysis of the 7-gene prognostic signature in the TCGA-LUAD cohort. According to the optimal cutoff value, samples are divided into high-risk and low-risk groups. (**B**) The calibration curves of the model for predicting CSS in LUAD. The predicted 3-year survival probability is plotted on the X-axis; the corresponding actual survival rate is plotted on the Y-axis. (**C**) The distribution plot of risk score. Patients are arranged from left to right in an increasing order of risk score. (**D**) The survival status of each patient. Y-axis represents the overall survival time. The color code: green for alive case, red for dead case. (**E**) The heatmap of mRNA expression levels of the 7 genes. CSS -- cancer specific survival; LUAD -- lung adenocarcinoma.](medscimonit-26-e924269-g002){#f2-medscimonit-26-e924269}

![(**A**) The ROC curves comparing the prognostic values of risk score and several clinical factors in the TCGA-LUAD dataset. The predicted time point is 1 year. ROC curve -- receiver operating characteristic curve; AUC -- area under the ROC curve; TCGA-LUAD -- The Cancer Genome Atlas Lung Adenocarcinoma. (**B**) The forest plot for multivariate survival analysis based on risk score and other clinical factors in TCGA-LUAD. The hazard ratio and 95% confidence interval are presented. (**C**) The nomogram constructed for the prediction of survival probability.](medscimonit-26-e924269-g003){#f3-medscimonit-26-e924269}

![Predicted performance of the identified prognostic signature in the testing datasets (GSE30219: **A--C**; GSE41271: **D--F**; GSE42127: **G--I**). (**A, D, G**) The Kaplan-Meier survival analysis of the 7-gene prognostic signature. The same cutoff value in the training set is applied. (**B, E, H**) The multiple ROC curves comparing risk score with other clinical factors. ROC curve -- receiver operating characteristic curve; AUC -- area under the ROC curve. (**C, F, I**) The forest plots for multivariate survival analysis combining risk score and clinical factors. The hazard ratio and 95% confidence interval are presented.](medscimonit-26-e924269-g004){#f4-medscimonit-26-e924269}

![The boxplots for clinical correlation analysis of the prognostic signature in the TCGA-LUAD dataset. Factors including age, gender, TNM stage classification, and common gene mutations are taken into account for subgroup analyses. Horizontal line: mean value of risk score; vertical lines: the upper and lower quartiles. TCGA-LUAD -- The Cancer Genome Atlas Lung Adenocarcinoma.](medscimonit-26-e924269-g005){#f5-medscimonit-26-e924269}

![Immune-correlation analyses of the prognostic signature in the TCGA-LUAD dataset. (**A--C**) The correlation scatter plots representing the correlation between risk score and immune-, stromal, and ESTIMATE-score. The value of spearman correlation coefficient (r) is presented. (**D**) The comparison of the tumor mutation burden (TMB) values between high-risk (n=90) and low-risk (n=400) patients. (**E**) Gene expression levels of immune checkpoints. PDCD1LG2 -- programmed cell death 1 ligand 2; PDCD1 -- programmed cell death 1; CTLA4 -- cytotoxic T-lymphocyte associated protein 4; CD274 -- programmed cell death 1 ligand 1; \* *P*-value \<0.05. (**F**) Gene expression levels of human leukocyte antigen (HLA) system; \* *P*-value \<0.05. (**G**) The violin plot for the analysis of immune cell infiltration. The fractions of 22 mature human tumor infiltration leukocytes (TILs) are compared between the high-risk (n=70) and low-risk (n=372) groups. Naive CD4 T cells with negative infiltration in all samples is excluded from the analysis.](medscimonit-26-e924269-g006){#f6-medscimonit-26-e924269}

![GSEA for the 7-gene signature comparing the high-risk and low-risk groups in the TCGA-LUAD dataset. The integrated enrichment plot lists 10 immune-associated pathways significantly enriched in the low-risk group (FDR \<0.05) GSEA -- gene set enrichment analysis; TCGA-LUAD -- The Cancer Genome Atlas Lung Adenocarcinoma; FDR -- false discovery rate; GO -- Gene Ontology; KEGG -- Kyoto Encyclopedia of Genes and Genomes.](medscimonit-26-e924269-g007){#f7-medscimonit-26-e924269}

###### 

Demographic and clinical characteristics of subjects in the four datasets.

  Variables        TCGA-LUAD     GSE30219      GSE41271      GSE42127
  ---------------- ------------- ------------- ------------- ------------
  **Total**        **499**       **83**        **180**       **130**
  Gender                                                     
   Male            232 (46.5%)   65 (78.3%)    90 (50.0%)    66 (50.8%)
   Female          267 (53.5%)   18 (21.7%)    90 (50.0%)    64 (49.2%)
  Age                                                        
   \<60            139 (27.9%)   37 (44.6%)    63 (35.0%)    37 (28.5%)
   ≥60             360 (72.1%)   46 (55.4%)    117 (65.0%)   93 (71.5%)
  TNM stage                                                  
   I               273 (54.7%)   79 (95.2%)    97 (53.9%)    87 (67.0%)
   II              115 (23.0%)   2 (2.4%)      29 (16.1%)    22 (16.9%)
   III             78 (15.6%)    2 (2.4%)      49 (27.2%)    19 (14.6%)
   IV              25 (5.0%)     0 (0.0%)      4 (2.2%)      1 (0.8%)
   Unknown         8 (1.6%)      0 (0.0%)      1 (0.6%)      1 (0.8%)
  T (topography)                                             
   T1              166 (33.3%)   69 (83.1%)    --            --
   T2              267 (53.5%)   12 (14.5%)    --            --
   T3              45 (9.0%)     2 (2.4%)      --            --
   T4              18 (3.6%)     0 (0.0%)      --            --
   Unknown         3 (0.6%)      0 (0.0%)      --            --
  N (lymph node)                                             
   N1              325 (65.1%)   80 (96.4%)    --            --
   N2              90 (18.0%)    3 (3.6%)      --            --
   N3              69 (13.8%)    0 (0.0%)      --            --
   Unknown         15 (3.0%)     0 (0.0%)      --            --
  M (metastasis)                                             
   M0              330 (66.1%)   83 (100.0%)   --            --
   M1              24 (4.8%)     0 (0.0%)      --            --
   Unknown         145 (29.1%)   0 (0.0%)      --            --
  EGFR mutation                                              
   (+)             61 (12.2%)    0 (0.0%)      --            --
   (−)             416 (83.4%)   0 (0.0%)      --            --
   Unknown         22 (4.4%)     83 (100.0%)   --            --
  ALK mutation                                               
   (+)             31 (6.2%)     0 (0.0%)      --            --
   (−)             446 (89.4%)   0 (0.0%)      --            --
   Unknown         22 (4.4%)     83 (100.0%)   --            --
  KRAS mutation                                              
   (+)             115 (23.0%)   0 (0.0%)      --            --
   (−)             362 (72.5%)   0 (0.0%)      --            --
   Unknown         22 (4.4%)     83 (100.0%)   --            --

###### 

Univariate Cox regression analysis of the 38 identified genes.

  Gene             Univariate Cox analysis                    
  ---------------- ------------------------- ---------------- --------
  ***ADAMTS8***    0.815                     (0.709, 0.937)   \<0.01
  ***BIRC3***      1.309                     (1.158, 1.481)   \<0.01
  ***CCR2***       0.827                     (0.741, 0.923)   \<0.01
  ***CD74***       0.765                     (0.642, 0.912)   \<0.01
  ***CIITA***      0.734                     (0.598, 0.902)   \<0.01
  ***CLEC7A***     0.722                     (0.587, 0.889)   \<0.01
  ***CXorf21***    0.728                     (0.604, 0.878)   \<0.01
  ***DEPDC7***     1.383                     (1.232, 1.552)   \<0.01
  ***HAL***        1.056                     (1.024, 1.089)   \<0.01
  ***HLA-DQB1***   0.753                     (0.618, 0.917)   \<0.01
  ***INSL4***      1.135                     (1.035, 1.244)   \<0.01
  ***MCOLN2***     0.793                     (0.689, 0.912)   \<0.01
  ***S100P***      1.213                     (1.078, 1.365)   \<0.01
  ***SFTPC***      0.673                     (0.498, 0.909)   \<0.01
  ***TESC***       1.229                     (1.079, 1.399)   \<0.01
  ***VEGFD***      0.909                     (0.851, 0.971)   \<0.01
  *ARHGEF6*        0.778                     (0.646, 0.938)   \<0.01
  *BTK*            0.761                     (0.639, 0.907)   \<0.01
  *CD300LF*        0.917                     (0.867, 0.969)   \<0.01
  *CD33*           0.720                     (0.569, 0.911)   \<0.01
  *DPEP2*          0.700                     (0.553, 0.887)   \<0.01
  *FGD2*           0.788                     (0.671, 0.925)   \<0.01
  *GAB3*           0.733                     (0.591, 0.910)   \<0.01
  *HLA-DMB*        0.735                     (0.601, 0.898)   \<0.01
  *HLA-DPA1*       0.742                     (0.608, 0.905)   \<0.01
  *HLA-DPB1*       0.769                     (0.640, 0.924)   \<0.01
  *HLA-DRA*        0.875                     (0.800, 0.958)   \<0.01
  *INHA*           1.219                     (1.064, 1.396)   \<0.01
  *JAML*           0.885                     (0.816, 0.959)   \<0.01
  *MNDA*           0.782                     (0.652, 0.939)   \<0.01
  *MS4A7*          0.706                     (0.562, 0.886)   \<0.01
  *NLRC4*          0.712                     (0.569, 0.889)   \<0.01
  *OSCAR*          0.954                     (0.921, 0.987)   \<0.01
  *P2RY13*         0.755                     (0.619, 0.920)   \<0.01
  *PIK3CG*         0.731                     (0.578, 0.925)   \<0.01
  *PRAM1*          0.704                     (0.567, 0.876)   \<0.01
  *SNX20*          0.862                     (0.771, 0.965)   \<0.01
  *SPN*            0.902                     (0.842, 0.966)   \<0.01

Significant genes in Lasso regression analysis are in bold font; HR -- hazard ratio; 95% CI -- confidence interval.

###### 

Multi-variate Cox regression analysis of the 7-gene signature.

  Gene       Coefficient    HR (95% CI)            P-value
  ---------- -------------- ---------------------- ---------
  *CLEC7A*   −0.198926091   0.820 (0.667, 1.001)   0.058
  *CIITA*    −0.240572316   0.786 (0.616, 1.003)   0.052
  *BIRC3*    0.360229039    1.434 (1.264, 1.626)   \<0.001
  *DEPDC7*   0.318599709    1.375 (1.222, 1.548)   \<0.001
  *TESC*     0.139659504    1.150 (0.998, 1.324)   0.053
  *MCOLN2*   −0.17303622    0.841 (0.661, 1.071)   0.160
  *VEGFD*    −0.253980504   0.776 (0.577, 1.042)   0.092

HR -- hazard ratio; 95% CI -- confidence interval.
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